We modified an existing cross-scale model of avascular tumor growth that couples a gene-protein interaction network with an agent based model. In the original model each biological cell is artificially subdivided into four geographic compartments to account for a spatial polarity of the molecules. Since these artificial compartments result in eight ordinary differential equations (ODEs) -instead of one -that need to be solved for each molecular species we tried to reduce the related computational burden. We renounced to include these artificial compartments and assume a homogeneous distribution of molecular concentrations within each cell. By adapting the conditions for nutrient uptake and the neighborhood options for cell migration and division we achieve results that are comparable to the original model. However, for this modified model the number of ODEs that need to be evaluated for each molecular species within each cell and thus the computing time could be significantly reduced.
INTRODUCTION
The glioblastoma multiforme (GBM) is a common and highly aggressive primary brain tumor with a (still) very poor prognosis for patients. In silico multiscale modeling of tumor growth is a promising area of research that will potentially aid the improvement of existing and the development of new therapeutic strategies in the future. Models exist on the macroscopic scale (considering the tumor as a whole), on the cellular and molecular scale and across scales (for sound reviews see the papers by Wang and Deisboeck (2008) and Bellomo et al. (2008b) , and the books by Bellomo et al. (2008a) and Deisboeck and Stamatakos (2011) ). Here, we modified an existing cross-scale model (see Athale et al. (2005) ) of avascular tumor growth for GBM. This model establishes a link between the molecular and cellular scale by coupling an epidermal growth factor receptor (EGFR) gene-protein interaction network with an agent based model. To account for inhomogeneities in the spatial distribution of the molecular concentrations cells in this model are artificially subdivided in four geographic compartments. These artificial compartments result in a multiplication of the number of ordinary differential equations (ODEs) that need to be solved for each of the 14 molecular species within each cell. For the future one aim is to investigate also other relevant, more complex signaling networks. These networks will consist of a larger number of molecular species and thus the number of ODEs necessary to model the network will increase. At the cellular level in a two dimensional simulation we currently investigate up to 13, 000 cells at the same time. Another goal is to increase the simulated region and to extend it to three dimensions. Therefore the number of cells will highly increase and such will the related computational burden. Furthermore, in a three dimensional setting a cell would need to be divided in six instead of four artificial compartments to account for the additional spatial dimension. This would further increase the number of ODEs to be solved and thus the total computing time. In summary, it is necessary to employ strategies to reduce the computational complexity while ensuring comparable results. In this work we introduce such a method. We propose to disregard the artificial subdivisions and to adapt the model accordingly. We will assume a homogeneous distribution of molecular concentrations within each cell and adapt the conditions for nutrient uptake and the neighborhood options for cell migration and division. We show that in doing so we achieve results that are a sound match for the original model. However, for this modified model only one ODE needs to be evaluated for each molecular species and thus the computing time can be significantly reduced.
METHODS

The original model
Our original model is a slight modification of the multiscale model of avascular tumor growth for GBM introduced by Athale et al. (2005) and exhibits the following key features:
(1) A regular 200 × 200 grid representing an area of 4 mm × 4 mm can contain at each grid point one biological cell of the size 20 µm × 20 µm. (2) Blood vessels can be placed on arbitrary sides of the grid supplying glucose and transforming growth factor alpha (TGFα) via diffusion through the grid. The diffusion is modeled by use of partial differential equations (PDEs) of the form:
with X 1 , X 14 corresponding to the concentration of TGFα and glucose and D 1 , D 14 representing the diffusion coefficients for TGFα and glucose, respectively. (3) The two substances glucose and TGFα are taken up and secreted by the cells, respectively, and influence the molecular network within the cells described below. (4) Each cell is artificially divided into four artificial compartments (north, east, south, west) to mimic the polarity of the cell. (5) Each cell is equipped with a network of 14 interacting genes and proteins within each compartment that is represented by a system of 14 nonlinear ODEs describing the respective concentration changes. The network is a simplified representation of an EGFR signaling pathway and the individual equations are based on mass balance equations of the general form:
(6) Depending on molecular concentration changes and the molecular concentrations itself the cells' phenotypes will be determined as either proliferating, migrating, or quiescent in each time step. (7) In each time step first the molecular network will be evaluated for each cell. Secondly, the cells' phenotypes will be determine and lastly each cell will be processed accordingly, i. e. it will be moved to a more attractive grid point, start the cell division or turn quiescent. (8) The simulation is stopped as soon as the first cell reaches a blood vessel.
The overall setup of the grid, the artificial division of the cells and the gene-protein interaction network is depicted in Fig. 1 . For further details, especially the numerical parameters, and the ODEs that describe the molecular interaction network, the interested reader is referred back to Athale et al. (2005) .
Abandonment of artificial compartments
As stated above the model by Athale et al. (2005) introduced an artificial division of each cell into four compartments to mimic the polarity of the cell to a certain degree. The drawback of this approach is the huge computational effort it implies: Within each artificial compartment the molecular network needs to be updated separately at each time step. Additionally the flux between the four compartments needs to be calculated for each molecule according to mass balance reactions since molecules diffuse within the cell. The change in concentration of a molecule in compartment j (X j ) due to this intra-compartmental flux is described by:
where X j−1 is the molecule concentration in the left neighboring compartment, X j+1 is the concentration in the right adjacent compartment, and k in and k out are the flux rate constants in and out of compartment j respectively (see Athale et al. (2005) ). For each of the four artificial compartments this leads to 14 ODEs describing the flux of each molecule and additional 14 ODEs to model the molecular interactions within the compartment resulting in a total of (14 + 14) · 4 = 112 ODEs per cell, which need to be evaluated for each cell in each time step. To reduce this computational burden we modified the model by renouncing the artificial division of cells on the molecular level. Therefore, in total only 14 ODEs are left to be solved for each cell in each time step. Originally, chemotaxis was modeled through the different concentrations of the protein phospholipase C-γ (PLCγ) within the four artificial compartments of a cell. A cell moves or proliferates in the direction of the compartment with the highest PLCγ concentration (see Piccolo et al. (2002) ). However, in a model that does not use an artificial subdivision of the cells this is not feasible, because the PLCγ concentration is identical throughout the whole cell. Therefore, a new chemoattractant for the cells' direction of motion needs to be used. Since glucose is already included in the model as a nutrient and there is evidence (see Sander and Deisboeck (2002) ) that it also attracts tumor cells we use it as an alternative to decide on the direction of movement. Migrating cells in the so modified model move in the direction of the highest glucose concentration and the locations of daughter cells of proliferating cells are chosen according to the same rule.
Neighborhood decisions
Originally, within each artificial compartment glucose is taken up from the neighboring grid point on its site, i.e. each cell has information about the glucose concentration of four neighbors. Furthermore, for a cell's decision on the direction of movement the same four neighbors are taken into account, since only they can be accessed through the intracellular PLCγ concentration in the four artificial compartments. Considering each cell as one unit and using extracellular glucose as a chemoattractant leaves the choice between two different neighborhoods, namely the Moore and the von Neumann neighborhood. Thus, it is now possible to use different configurations for the neighborhood from which a cell takes up glucose and for the neighborhood in which a cell is allowed to move. For the glucose concentration within a cell, the average of the concentrations on the grid points in the respective neighborhood is used. Fig. 2 visualizes the differences of the two neighborhoods. The arrows indicate that in this example the von Neumann neighborhood is used to receive glucose ( Fig. 2(a) ) whereas the Moore neighborhood is used to determine the direction of movement (Fig. 2(b) ).
RESULTS
The model is implemented in C++ and the simulations were executed on a standard desktop computer ( Microsoft Windows 7 (64 bit), 4 GB RAM, Intel Core 2 CPU (1.8 GHz)). To solve the ODEs we use a standard four-stage Runge-Kutta method. Initially 441 tumor cells are seeded in the center of the grid. One blood vessel supplying glucose and TGFα is placed on the left side of the domain. One time step in the simulation We compare the results from this simulation to the ones from simulations using the modified model, i.e. cells without artificial compartments and with different combinations of neighborhoods for glucose intake and chemotaxis with extracellular glucose being the chemoattractant. In particular three different settings were simulated:
4/4 -glucose intake from the four von Neumann neighbors, chemotaxis possible in the direction of the four von Neumann neighbors 8/8 -glucose intake from the eight Moore neighbors, chemotaxis possible in the direction of the eight Moore neighbors 4/8 -glucose intake from the four von Neumann neighbors, chemotaxis possible in the direction of the eight Moore neighbors.
For the secretion of TGFα the same neighborhood as for the glucose intake was used. Results of the simulations with different settings are evaluated by means of images of the spatio-temporal development of the simulated tumors on a cellular scale and quantified according to cell numbers and number of time steps for a simulation to finish, i. e. for the first cell to reach the domain boundary.
Behavior of the tumor on the cellular scale
First, each simulation ran once and generated images showing the spatio-temporal tumor development. 
Number of cells and number of time steps
To account for the random character of the model all simulations are also run ten times with different random seeds. Table 1 and Fig. 5 summarize the results of these simulations. Table 1 displays the average number and standard deviation of (i) number of cells in the last time step and (ii) time steps needed to complete the simulation.
Furthermore, it provides the total computing time for the ten simulation runs. Additionally to the results in Table 1 the mean number of proliferating, and migrating as well as the mean total number of cells is documented for each time point in each setting in Fig. 5 . Furthermore, every 25 time steps the standard deviation is documented by use of the error bars.
DISCUSSION
Behavior of the tumor on the cellular scale
The comparison between the tumors resulting from the four different settings (CB, 4/4, 8/8 and 4/8) in Fig. 3 shows that all tumors have a strong directionality in their growth towards the blood vessel located on the left side of the grid. In particular Fig. 4 shows that all simulated tumors have a similar, realistic buildup: They exhibit a Table 1 . Results of ten simulation runs for each setting; ∅ = average and σ = standard deviation Thus it is more likely that no empty attractive neighbor is found and the cell turns quiescent. Though all tumors look similar, the largest correspondence exists between the CB setting and setting 4/8. In comparison the tumor in the last time step in simulation 4/4 is more densely packed, appearing as an overall bigger tumor, and setting 8/8 resulted in a thinner ring of proliferating and migrating cells surrounding the quiescent core. This is also reflected in the plots of the glucose distribution in the last time step of the simulations in Fig. 4 . Altogether, according to this visual inspection, setting 4/8 seems to be the most applicable approximation to the original CB model.
Number of cells and number of time steps
First of all, the data in Table 1 indicate that the computing time is halved in the modified model in setting 4/8 in comparison to the CB simulation. Although, first one might expect a reduction in the computing time by the factor eight, at a second glance this turns out to be impossible. For the distribution of glucose and TGFα two PDEs need to be solved numerically in each time step. This is still necessary in the modified model and constitutes a constant computational burden that obviously cannot be reduced by the proposed modifications.
On the other hand the data in Table 1 The total number of cells, documented in Table 1 and Fig. 3 also supports the observation from above that the tumor in setting 4/4 seems to be bigger and more dense. In the last time step the tumor in setting 4/4 consists in average of around 800 cells more than the tumor in the CB simulation. Thus, also according to this rather quantitative evaluation setting 4/8 is suitable to emulate the behavior of the tumor of the original model on the cellular scale.
CONCLUSION
Investigating the results one can clearly see that it is possible to simplify the original model and all the same obtain comparable results. However, the results also demonstrate that the choice of the neighborhoods strongly affects the behavior of the model. Interestingly, while neither the 4/4 nor the 8/8 simulation yielded results which were satisfyingly close enough to the results of the CB simulation, the combined 4/8 simulation did. Both aspects (cell numbers and tumor shape) of the analyses agree on this.
With less than half of the computing time (see Table 1 ) it is computationally highly favorable to use this modified model with the 4/8 neighborhood combination.
To further decrease the computing time it is desirable to employ techniques like parallelization in the future. This will mainly be feasible for the solution of the individual ODEs and PDEs. A parallel processing of the different cells, however, will probably severely affect the outcome, since the individual cells influence each other. Currently the cells are processed in a random order, to avoid any effects of an ordered mechanism. Thus, in the case of parallelization of this process one will need to carefully keep this in mind.
